This study estimates the effect of Internet health information on health care utilisation. The causal variable of interest is a binary variable that indicates whether or not an individual has used the Internet to search for health information. Health care utilisation is measured by an individual's number of visits to a health professional.
Introduction
The aim of this paper is to analyse how the health information that people obtain from the Internet affects their health care utilisation. To capture this effect, I construct a binary variable that indicates whether or not an individual has recently searched for health information on the Internet. Health care utilisation is measured by the number of visits to a health professional in the past 12 months. Since the probability of using the Internet to search for health information is likely to endogenous, I use instrumental variable estimation methods. Survey data shows that an individual's probability of searching for health information online is related to having high-speed Internet access at home (Fox and Jones, 2009, p.8) . As an instrument, therefore, I use U.S. state telecommunication policies that are shown to affect the supply of high-speed Internet services. I find that Internet health information has a positive economically and statistically significant effect on health care utilisation. In particular, using the Internet to search for health information increases the annual number of visits to a health professional by approximately 3.6 visits, holding other factors fixed.
This research is motivated by the observation that a large proportion of population in developed countries use the Internet as a health information source. According to Pew Internet and American Life Project estimates, 61% of the U.S. adult population looked online for information about a health or medical issue in 2008 (Fox and Jones, 2009, p.2) . The health information that people access on the Internet is likely to influence their health related decisions, including the use of health care services. Indeed, 53% of the respondents who looked for health information online reported that this information had a major or minor impact on their own health care or the way they care for someone else (Fox and Jones, 2009, p.27) . Within this group, 35% say that the information obtained online affected their decision to see a doctor (Fox and Jones, 2009, p.28) . Nevertheless, this effect is not necessarily causal. Other factors may have played a role in an individual's decision to visit a health professional. I analyse the relationship between Internet health information and health care consumption in a framework introduced by Grossman (1972) . In this model, the demand for health care is derived from the demand for good health. Consumers produce health by combining their own time and medical care. Individuals with different characteristics may have different marginal products of these inputs. Therefore, the demand for medical care and health may vary with personal characteristics. If an individual's health knowledge affects the (perceived) marginal products of time and/or medical care, people who use the Internet to search for health information will have different health care consumption from those who do not.
The relationship between health knowledge and the demand for health care depend on the model assumptions. Both positive and negative effects are plausible. If we assume that health knowledge increases the marginal products of health care and own time, the people with more health knowledge would demand more health but less health care. I find a positive relationship between health knowledge and health care consumption, which implies that health knowledge reduces the perceived marginal product of health care. People with more health knowledge believe that an additional visit to a health professional produces less health compared to the people with less health knowledge.
In medical sociology, there are two opposing hypotheses related to technological advancement and physician-patient contact, summarised by Lee (2008) . One hypothesis is that by diffusing health knowledge previously available only to health professionals, technological advancement weakens health professionals' control over their knowledge base; thus, the Internet might reduce people's dependence on health professionals as a source of health information and lower the frequency of physician-patient contact (Lee, 2008, p.451) . The second hypothesis states that, despite people's access to physicians' knowledge base, the knowledge gap between the general public and health professionals remains, since new information constantly emerges and is first available to health professionals. Furthermore, health and medical information involves uncertainty and error; therefore, people rely on health professionals for the interpretation and application of health information. As a result, increasing access to health information on the Internet might increase the frequency of health professional contact (Lee, 2008, p.452) . The results of my study provide support for the second hypothesis. Lee (2008) also investigates the relationship between health information search on the Internet and health professional contact. He addresses endogeneity by exploring panel nature of the data rather than using instrumental variable methods. The results of Lee's analysis are consistent with those of my study; he finds that Internet use for health information has a positive effect on health professional contact. The consistency of the two sets of results suggests that the positive causal relationship between Internet health information and health care consumption is a robust finding.
To my knowledge, this is the first study in economics literature that focuses on the effect of Internet health information on health care utilisation. The other related studies only look at how health care consumption is affected by health knowledge or information in a general sense. I briefly summarise their findings. Kenkel (1990) and Hsieh and Lin (1997) find that the knowledge about the symptoms of certain diseases has a significant positive effect on the probability of visiting a physician. Kenkel (1990) , however, finds no significant effect on the demand for physician visits conditional on at least one visit. Wagner et al. (2001b) show that access to new health information is negatively related to the number of phone calls to physicians. On the other hand, the authors do not find any statistically significant effect of health information on the number of physician visits (Wagner et al., 2001a) .
Empirical strategy
To determine the effect Internet health information on health care utilisation, I estimate the following reduced form demand for health care model:
where HC i denotes health care consumption, measured by an individual's number of visits to a health professional in the past 12 months; eHI i indicates if an individual uses the Internet to obtain health information or not; x 1i is the 1 × k vector, containing unity and socio-demographic characteristics; t i is the 1 × l vector of time variables that account for the changes in health care utilisation over time; and c i denotes the omitted heterogeneity. Function f maps eHI i , x 1i , t i , and c i to HC i ; β is the m×1 parameter vector (m = 1+k +l). The regression error ε i is mean-independent of eHI i , x 1i , t i , and c i .
Omitted heterogeneity c i could contain such characteristics as an individual's health status, education, household income, trust in his physician, concern about his health, and confidence in his ability to care for own health. These factors are omitted from the model for two reasons. First, I do not observe some of the variables (such as concern about health or confidence in one's ability to care for own health) in the data. Second, the variables such as health status, education, or household income are likely to be endogenous. If these characteristics are also correlated with the probability of searching for health information online, their inclusion in the model will lead to inconsistent estimation of the effect of Internet health information. The data used in this analysis shows that this is the case: individuals that are more educated, 4 have higher household income, or are less healthy are more likely to use the Internet to search for health information.
To treat eHI i as an exogenous variable, we must assume that it is uncorrelated with c i . It is unlikely to be true. As mentioned above, we known that some of the individual characteristics in c i (health status, education and household income) are correlated with the probability of using the Internet to search for health information. The unobserved characteristics, included in c i , may also be correlated with eHI i . For example, people who are more concerned about their health might be more likely to search for health information on the Internet.
To address the endogeneity of eHI i , I use instrumental variable (IV) estimation methods. This approach requires data on at least one variable excluded from equation (1) that is correlated with eHI i , but not with c i and ε i . This variable must affect the probability of searching for health information on the Internet (the relevance assumption) and must not be correlated with the omitted heterogeneity (the exogeneity assumption). Let z 1i denote the 1 × p vector of these variables (p ≥ 1).
First, I specify the function f in (1) to be linear and estimate the model using the two-stage least squares (2SLS) estimator. In the second specification, f is assumed to be exponential to account for the fact that the dependent variable, which is measured in the number of health professional visits, takes on only nonnegative values:
where η = exp(c i ) and
I estimate the model (2) using a non-linear IV estimator developed by Mullahy (1997) . Let z i be the 1×s vector of the instrumental variables (
To obtain a consistent IV estimator, the model has to be transformed by dividing both sides of equation (2) by exp(x i β):
If we define T (HC i , x i ; β) = exp(−x i β)HC i and v i = η i − 1, we can rewrite the equation (3) as:
T (x i ; β) − 1 is a residual function of the transformed model (3). Mullahy establishes the consistency of the estimator by showing that the residual function satisfies the conditional moment restriction E[T (x i ; β) − 1|z i ] = 0:
The first term of equation (5) is equal to zero because of the assumption E(η i |z i ) = 1; the second term is zero by iterated expectations and the assumption E(ε i |x i , z i , η i ) = 0. We can obtain the estimates of β by using this conditional moment restriction as the basis for generalised methods of moments estimation. I estimate the model in Stata 11 using the user written command ivpois (Nichols, 2007) . (Fox and Jones, 2009, p.72) . Nevertheless, relatively low response rates might lead to a final sample that is not nationally representative of the population. To address this concern, I compare the mean socio-demographic characteristics in the HINTS and the American Community Survey (ACS) samples (Table 1) . The ACS has much higher response rates and is more likely to be nationally representative.
[ Table 1 about here.]
The most notable difference between the two samples is the gender distribution: males are under-represented in the HINTS sample. In 2005 and 2008, the HINTS sample appears to be on average older. However, part of the difference in the mean age might be explained by the top-coding of the age variable in the ACS. The proportion of white respondents is similar in both samples, except for the year 2005, when it is higher by 5ppt in the HINTS sample. There are no substantial differences in the fraction of married (or living as married) individuals between the HINTS and the ACS samples with an exception of the year 2003, when this figure is lower by 4ppt in the HINTS sample. The differences in some of the demographic characteristics between the two samples suggest that the HINTS sample is not entirely representative of the U.S. population. Given these differences, I include sociodemographic characteristics in the model. As long as the assumption that the selection into the HINTS sample is not based on the endogenous variables is maintained, the reported parameter estimates are consistent. To address a threat to homoskedasticity assumption, standard errors are specified to be robust in all estimations. To present the nationally representative descriptive statistics of variables, I use the sampling weights included in the HINTS data set. The sampling weights account for the fact that the probability of being in the sample varies across the socio-demographic groups.
Health care utilisation and Internet health information variables
In this analysis, health care utilisation is measured by an individual's number of visits to a health professional within a 12 month period. In the survey, respondents are asked: "During the past 12 months, not counting times when you went to an emergency room, how many times did you go to a doctor, nurse, or other health professional to get care for yourself?" Thus, the definition of a health professional is broad: it includes doctors, nurses, and other health professionals of any specialisation with the possible exception of mental health. In the 2003 and 2008 surveys, the question about an individual's visits to a health professional follows a question "Not including psychiatrists and other mental health professionals, is there a particular doctor, nurse, or other health professional that you see most often?" Therefore, some respondents of these surveys may have believed that visits to a mental health professional should be excluded when reporting the number of visits to a health professional. In the 2005 survey, respondents are not asked this question and could be more likely to include visits to a psychiatrist when reporting the number of health professional visits.
Possible answers to the survey question on the number of health professional visits are "None", "1 time", "2 times", "3 times", "4 times", "5-9 times", and "10 or more times". To perform the estimations, the health care utilisation variable needs to be recoded by assigning values to the last two categories. In the baseline specification, the variable takes the value 7 if the answer is "5-9 times", which is a midpoint of the interval. It takes the value 12 if the answer is "10 or more times", which corresponds to visiting a doctor once a month on average. Later, I check the sensitivity of the results to the dependent variable coding. Most of the population do not use health professional services frequently: around two thirds of the population make 3 or less visits a year. Slightly less than 20% of the population visit a doctor, a nurse, or other health professional less than once a year. On the other hand, around a quarter of the population are frequent users of health professional services; slightly less than 15% visit a health professional 5-9 times per year and above 10% make 10 or more visits per year.
[ Figure These estimates are based on the assumption that the mean of the category "5 to 9 visits" is 7 and the mean of the category "10 or more visits" is 12.
To capture the effect of Internet health information, I use a binary variable indicating whether a respondent has recently searched for health information on the Internet for himself. The availability of this variable enables me to answer the question if access to online health information affects individuals' decision to visit a health professional. I do not have data on the quantity and content of health information or how often a respondent has searched the Internet; therefore, I do not aim to answer the question if and how the effect of online health information on health professional visits varies with information volume and type. [ Figure 2 about here.] Table 2 compares individuals who have and have not used the Internet to search for health information according to a number of characteristics. People who have looked for health information on the Internet are relatively younger and more likely to be female, white, and married. Individuals in this group assess their health as better: the proportion of people with good and very good self-assessed health is larger and the proportion of people with fair or poor health is smaller. There are no big differences in other health outcomes between the two groups. Individuals who have used the Internet to search for health information are more likely to live in metropolitan counties and be members of higher income households, which could be associated with better Internet access. They are more likely to have health care coverage. A larger proportion of these individuals are employed and the proportion of students, retirees, homemakers, and disabled people is smaller. People who have searched for health information online are better educated and more likely to have a college degree, which could be related to better Internet and information search skills. The two groups are different in terms of health behaviour. People who have used the Internet as a health information source are more likely be non-smokers, exercise, and consume larger quantities of vegetables and fruits, which could indicate that they are more concerned about their health.
[ Table 2 about here.] Figure 3 presents the distribution of the number of visits to a health professional for people who have used the Internet to search for health information and for those who have not.
The proportion of individuals with no visits is substantially lower in the first group (10.0% compared to 20.8%). This group also has a higher proportion of frequent users with 5-9 or 10 or more health professional visits. There are no major differences in the other categories. The mean number of visits for people who have searched for health information on the Internet is 4.42. The mean for those who have not used the Internet for this purpose is approximately 1 visit lower. The difference in the means is statistically significant at 1% level. The comparison of the distributions suggests that health care consumption, as measured by the number of visits to a health professional, is higher among people who have used the Internet to look for health information. To conclude that this relationship is causal, however, we need to account for the heterogeneity of the two groups, as the selection into the user group is not random.
[ Figure 3 here.]
Instrumental variable
To find an instrument for the Internet health information variable, I have looked at the factors that influence an individual's probability of searching for health information online. Access to affordable high-speed Internet service is one of these factors. According to Pew Internet and American Life Project estimates, 88% of people with broadband access looked for the information about health or medical issues online in 2008, and the corresponding figure for dial-up Internet users is only 72% (Fox and Jones, 2009, p.8) . The type of Internet connection is not, however, a valid instrument, since it does not satisfy the exogeneity assumption, which requires that the probability of having high-speed Internet connection would be uncorrelated with the omitted heterogeneity. The HINTS 2008 data shows that controlling for sociodemographic characteristics, individuals with higher education and higher household income are more likely to have a high-speed Internet connection (DSL, cable, or wireless) at home. Another instrument I have considered is an indicator whether an individual has children under 18 in the household, which might be associated with a higher demand for the highspeed Internet. However, the probability of having children under 18 is also correlated with education and household income, which violates the instrument exogeneity requirement.
Variables that affect high-speed Internet supply are less likely to be correlated with the omitted heterogeneity and, therefore, are potential instruments. I use information on U.S. states' right-of-way policies to construct the instrument for the Internet health information variable. It is a binary variable that takes the value 1 if an individual resides in a state where right-of-way regulations are more favourable to telecommunication providers and the value 0 otherwise. I consider that a state has more favourable right-of-way regulations if it explicitly grants telecommunication firms access to local or state public rights-of-way or restricts local governments' authority or both. Given the discussion above, I expect the instrument to be positively associated with the probability of using the Internet to look for health information. Information about right-of-way regulations comes from a survey of U.S. state laws conducted by the National Telecommunications and Information Administration (NTIA, 2003a) . I verify and supplement this information using the official state statutes (FindLaw, 2009) . Based on my definition, 38 states and the District of Columbia have right-of-way policies that are relatively more favourable to telecommunication providers. Appendix 1 lists these states.
The first stage results, presented in Table 3 , support the instrument relevance assumption. Holding other factors fixed, people residing in the states with more favourable right-ofway policies are indeed more likely to search for health information on the Internet. The coefficient on the instrument is statistically significant. The probability of looking for health information on the Internet is also positively associated with younger age and being female, white, and married, holding other factors fixed.
Although the instrument is highly statistically significant, the coefficient on the Internet health information variable is not estimated precisely in the full sample. To increase the precision of this estimate, I exclude from the sample the states with low proportion of urban population and low population density, where the right-of-way policies are unlikely to have an effect on high-speed Internet supply. The justification for this exclusion is that the access to public rights-of-way is a more important issue in cities and towns than in rural areas. Although Wallsten (2005) finds a significant relationship between right-of-way policies and broadband penetration in general, he concludes that these policies do not matter for rural broadband penetration (as measured by the number of rural dwellers in zip codes with at least one broadband provider). In areas with low population density, the major obstacle to broadband deployment is cost. Therefore, the ease of right-of-way access is likely to be a secondary issue in these areas.
The restricted sample includes the states with a higher than median proportion of urban population (71.6%) and higher than median population density (88.6 persons per square mile) in the year 2000. The sample contains 14,518 observations (2,891 less than the full sample). Appendix 2 shows which states are excluded from the sample. Table 3 demonstrates that the instrument is more relevant in the restricted sample, as expected. The coefficient estimate is 0.057 in the restricted sample compared to 0.050 in the full sample. In addition, the F-statistic is larger (46.08 compared to 36.03). The restriction of the sample results in a precise estimate of the effect of Internet health information. I also present results for the full sample and check the sensitivity of the results to using different cut-off points (mean and lower quartile).
[ Table 3 about here.]
Although we cannot test for instrument exogeneity, we can address potential threats to exogeneity. This assumption would be violated if the right-of-way policies were associated with other policies affecting health care service use. In this case, the states with more favourable right-of-way policies would have lower or higher expenditures on health services. Therefore, I compare the personal health care expenditures (as a percentage of gross state product) in the two groups of states using the medical expenditure estimates for 1991, provided by The Centers for Medicare and Medicaid Services (CMS, 2007) . There is no statistically significant difference in the mean expenditures between the two groups of states (t-statistic = 0.360), which provides support for the exogeneity assumption.
If we believe that the effect of Internet health information is heterogenous (it varies across individuals), a 2SLS estimate is a local average treatment effect (LATE). In this analysis, it is an average effect of Internet health information on health care utilisation for people who search for such information because their state makes it easier for Internet providers to access rights-of-way. The LATE literature refers to them as compliers. This group is smaller than the total population. It excludes individuals who would use the Internet to look for health information irrespective of right-of-way policies. This group also excludes people who would not search for health information online regardless of right-of-way policies. Nevertheless, this sub-population is interesting for policymakers. Since right-of-way regulations affect behaviour of individuals in this group, other policies with similar incentives might influence their choices. For example, it is likely that people in this group are price sensitive. Therefore, the results of this study could be used for predicting the effects of policies that aim to influence the use of Internet health information by means of price incentives. Table 4 reports the 2SLS estimates. As the instrument is a state-level variable, I cluster errors by state in all estimations. The results show that Internet health information has a positive quantitatively large effect on health care utilisation. Using the Internet to look for health information increases the expected number of health professional visits by around 3.6 visits per year, holding other factors fixed. The effect is precisely estimated. The Internet health information variable is statistically significant at the 5% level. We are 95 % confident that the true coefficient value lies between 0.674 and 6.490.
Results

Main results
[ Table 4 here.]
How can we explain the estimated positive effect of Internet health information? Assuming that health knowledge changes the marginal products of health care and own time by the same percentage, Grossman's model predicts that health knowledge would have a positive effect on health care demand in 2 cases:
1. If the elasticity of the health demand curve were greater than unity and health knowledge increased productivity;
2. If the elasticity of the health demand curve were less than unity and health knowledge decreased productivity (Grossman, 1972, p.246) . Grossman (1972, p.239) suggests that the elasticity of the health demand curve is less than unity. Consequently, the estimated positive effect of Internet health information on health care consumption implies that health knowledge reduces perceived efficiency of health production: more informed consumers believe that an additional health professional visit produces less health investment relative to less informed consumers. The study of Singaporean Internet users somewhat confirms this: people who use the Internet to search for health information believe that "health care professionals can make mistakes" and "do not necessary know enough", whereas people who do not use Internet as a health information source "place great trust on health care professionals" (Tang and Lee, 2006, p.120) . As a result, more informed consumers demand more health care. For example, they could visit another health professional for a second opinion.
The estimated positive effect of Internet health information on health care utilisation supports the hypothesis that better access to health information by consumers increases their reliance on health professionals because of the uncertainty and error in Internet health information. Therefore, consumers need health professionals to interpret and verify the information that they find on the Internet. Tang and Lee (2006, p.115) have found that the majority of people who use the Internet to search for health information approach health professionals to verify such information. According to another survey, 60% of people who go online to look for information about health topics rely on such information only if their doctor tells them to do so (Harris Interactive, 2002, p. 3).
Moreover, information about health conditions that people find on the Internet might require diagnostic tests or more advanced treatments, and consumers have limited capabilities and resources to treat and test for medical conditions. There is evidence that individuals who more frequently use the Internet for health-related purposes are more likely to suggest diagnosis to their physicians, and request specific treatments (Rice and Katz, 2006, p.159) . Although the Internet can substitute for health professionals in some cases, it is not widespread, as the results show. This finding is supported by the survey data: only 11% of people say that they use the Internet instead of speaking with their physician (Rice and Katz, 2006, p.160) .
Overall, the results of this analysis suggest that Internet health information is a complement to rather than a substitute for health professionals. Table 4 shows that the OLS estimate of the effect of Internet health information on health care utilisation is more than 3 times smaller than the 2SLS estimate. If we do not address the endogeneity of the Internet health information variable, we underestimate its effect on health care consumption. The positive difference between the 2SLS and OLS estimates implies that the omitted heterogeneity is positively correlated with the Internet health information variable and negatively correlated with the number of health professional visits or vice versa. A potential source of unobserved heterogeneity is self-efficacy, defined as the confidence of one's ability in performing a task. Tang and Lee (2006, p.120) have observed that Internet users who go online to search for health information feel more confident in handling, discerning, and verifying large amounts of information. On the other hand, greater self-efficacy decreases reliance on health professionals for the interpretation of health information and reduces the need to visit a health professional.
The socio-demographic variables have the expected effects on health care utilisation. The age effect is positive, but small in magnitude. On average, males have almost 1 visit to a health professional per year less than females. Race is statistically insignificant once we control for the other factors. Being married or living as married decreases the number of visits to a health professional slightly. According to the 2SLS estimates, the average number of health professional visits has increased from 2003 to 2005, but there are no significant differences between years 2003 and 2008. Nevertheless, the increase in 2005 could be explained by the different interpretation of "a health professional" in 2005 survey, as discussed in Section 3.2. Table 5 presents Mullahy's non-linear IV and Poisson estimates for the Internet health information variable. To compare the results to the linear model estimates, I also report the average predicted effect for the individuals who currently do not use the Internet to look for health information. The average predicted effect is qualitatively similar to the 2SLS estimate: it is positive and quantitatively large. The non-linear IV estimate is, however, less precise. Consistent with the linear model results, the Poisson model underestimates the effect of Internet health information, as it fails to account for endogeneity.
[ 
Sensitivity analysis
In this section, I check the sensitivity of the results to the assumptions made in the analysis. First, I report the results for the unrestricted sample and the samples constructed using different cut-off points. The baseline results are based on the sample of U.S. states with a proportion of urban population and population density higher than median, as the rightof-way policies are more effective in such states. Alternative cut-off points are the lower quartile and the mean. There are 4 states where the proportion of urban population and population density is lower than the lower quartile. If we use the mean as a cut-off point, we exclude 19 states, many of which are the same as those excluded from the baseline sample. The full sample includes the residents of all states (17,409 observations).
[ Table 6 about here.] Table 6 presents the 2SLS estimates for the different samples. The estimated Internet health information effects are qualitatively similar. The estimates in the last 3 columns are smaller in magnitude, but all fall into the 95% confidence interval of the baseline estimate, reported in the first column. The coefficient is statistically significant at the 10 % level in all samples, but the effect of Internet health information is estimated most precisely in the baseline sample. The instrument performs well in all samples (F-statistic is greater than 34).
Second, I check the sensitivity of the results to the coding of the dependent variable. The baseline specification assigns the value 12 to the observations with 10 or more visits to a health professional in the past 12 months. The estimated Internet health information effect increases at a constant rate, as the value assigned the "10 or more visits" category changes from 10 to 15. The coefficient on the Internet health information variable is statistically significant at 5% level in all specifications. Changing the value assigned to the category "5-9 visits" from 7 to 5, 6, 8, or 9 leads to similar observations: a higher value is associated with a larger estimated effect. Thus, assigning the lowest values to both categories gives the lower bound of the Internet health information effect on health care utilisation. Similarly, assigning the highest values to both categories, gives the upper bound of the effect (assuming that the mean number of visits is 15 or less for the observations with 10 or more visits). As Table 7 shows, both bounds are precisely estimated. Thus, recoding the dependent variable does not change the conclusion that Internet health information has a positive economically and statistically significant effect on health care consumption.
[ Table 7 about here.]
Next, I verify the assumption that the effect of Internet health information is constant over time, which is implied by equation (1). Overall, the data does not provide enough evidence to reject the assumption of the time constant effect.
[ Table 8 about here.]
Lastly, I check how the results would differ if we attempted to account for the individual heterogeneity by including the available control variables, rather than using IV estimation. Table  9 presents OLS estimates including the observed individual characteristics and variables that could proxy for some of the unobserved characteristics. Health variables include self-reported physical and mental health status, cancer history, and body mass index. Household income, employment status, health care coverage, and whether respondent lives in metropolitan county describe the access to health care. Health behaviour variables include smoking, exercising, and vegetable and fruit consumption and proxy for the unobserved concern about an individual's own health. Table 2 presents the full list and means of these variables. The sample size in this specification is smaller than in the baseline specification because of the missing values of the added characteristics.
The OLS estimate of the Internet health information effect on health care utilisation changes only slightly, once we control for a number of individual characteristics in addition to main socio-demographic variables (from 1.109 in Table 4 to 0.986 Table 9 ). It is much lower than the 2SLS estimate (3.58): the difference between the two estimates shows that the available variables cannot account for the heterogeneity between Internet health information seekers and non-seekers. As a result, the OLS estimator is inconsistent. This exercise shows that reliable estimates of the effect of Internet health information on health care utilisation cannot be obtained without IV or other methods that account for the endogeneity of this variable.
[ Table 9 about here.]
5 Discussion and conclusion
In this paper, I aim to determine whether Internet health information has a causal effect on health care consumption. More specifically, I examine if using the Internet to search for health or medical information affects an individual's number of visits to a health professional per year. I find that the effect of Internet health information on health care utilisation is positive, quantitatively large, and precisely estimated.
The estimated positive effect implies that Internet health information is more likely to be a complement rather than a substitute for formal health care. The raw data indicate that health care consumption is higher by approximately 1 visit for people who search for health information online. When I address the endogeneity of the Internet health information variable by using the IV method, the estimated effect increases to approximately 3.6 visits.
The difference between the two estimates indicates that people who use the Internet to search for health information have characteristics that negatively correlate with the number of health professional visits. Failing to account for the individual heterogeneity, underestimates the effect of Internet health information on health care utilisation.
For policymakers, these findings suggest a means of influencing the consumption of health care. A possible application of the results is preventive care, an area where higher use of services is desirable, because it reduces the need for resources in the future. A program designed to increase access and exposure to relevant information on the Internet would contribute to achieving this goal. On the other hand, areas where health care is overused would need policies that control the information available on the Internet, because it may add to the problem of overuse of health care. The results of this analysis are especially applicable to policies that use price incentives to influence health information search behaviour.
The major challenges of this analysis have been: (1) obtaining the data that contains both Internet health information and health care utilisation variables; and (2) finding an instrument for the Internet health information variable. I address the first issue by using the U.S. Health Information National Trends Survey data, which is managed by the National Cancer Institute. Although the main purpose of the survey is to collect cancer related information, it includes questions applicable to this study. The Health Information National Trends Survey could be of interest to researchers in health economics, as it contains some questions that other health surveys do not cover.
It is difficult to find individual-level instrument for the Internet health information variable that satisfies both exogeneity and relevance assumptions. For example, the type of Internet connection at home is a candidate instrument, but it violates the exogeneity assumption: households with high-speed Internet connection are wealthier, more educated and possibly more technology-savvy, which affects their health care consumption. I use a state-level instrument, which is plausibly exogenous. It is a dummy variable describing states' rightof-way policies. High-speed Internet supply is higher in the states with more favourable policies, which leads to a larger proportion of the state population using the Internet to search for health information online. Other studies that analyse effects of the Internet on various outcomes could also use this variable as an instrument.
Looking at how online health information affects different types of health care could be an extension to this study. Reported estimates measure the average effect over various types of health professional visits. It is likely that information obtained from the Internet differently affects visits for preventive care and visits for advice as well as visits for minor and major treatments. For example, finding information about the beneficial effect of cancer screening should encourage an individual to see a doctor; on the other hand, finding the answer to a health question would reduce the need to see a health professional. Analysis that differentiates between the types of health care would provide more detailed picture of the situation. Note: The estimates are calculated using sampling weights. 
